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Abstract

Recent 3D large reconstruction models typically employ a
two-stage process: first generate multi-view images by a
multi-view diffusion model, and then utilize a feed-forward
model to reconstruct images to 3D content. However, multi-
view diffusion models often produce low-quality and incon-
sistent images, adversely affecting the quality of the final
3D reconstruction. To address this issue, we propose a uni-
fied 3D generation framework called Cycle3D, which cycli-
cally utilizes a 2D diffusion-based generation module and a
feed-forward 3D reconstruction module during the multi-step
diffusion process. Concretely, 2D diffusion model is applied
for generating high-quality texture, and the 3D reconstruc-
tion model produces refined results with guaranteed multi-
view consistency. Moreover, 2D diffusion model can further
control the generated content and inject reference-view in-
formation for unseen views, thereby enhancing the diversity
and texture consistency of 3D generation during the denois-
ing process. Extensive experiments demonstrate the superior
ability of our method to create 3D content with high-quality
and consistency compared with state-of-the-art baselines.

Introduction

The presence of high-quality and diverse 3D assets is es-
sential across various fields, such as robotics, gaming, and
architecture. Traditionally, the creation of these assets has
been a labor-intensive manual process, necessitating profi-
ciency with complex computer graphics software. Conse-
quently, the automatic generation of diverse and high-quality
3D content from single-view images has emerged as a cru-
cial objective in 3D computer vision.

With the emergence of large-scale 3D datasets (Deitke
et al. 2023, 2024; Yu et al. 2023; Wu et al. 2023), recent
research (Xu et al. 2024a; Wei et al. 2024; Li et al. 2023;
Wang et al. 2024; Xu et al. 2024b; Tang et al. 2024) has fo-
cused on large 3D reconstruction models. These models typ-
ically combine multi-view diffusion models and sparse-view
reconstruction models to directly predict 3D representations
(Triplane-NeRF (Shue et al. 2023; Chan et al. 2022), and 3D
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Figure 1: Motivation of our pipeline. Current large-scale
reconstruction models often produce geometric artifacts and
blurry textures due to the limited quality and consistency of
the received images generated by multi-view diffusion mod-
els. Our Cycle3D cyclically uses a 2D diffusion-based gen-
eration model and reconstruction model during the multi-
step diffusion process. During denoising, 2D generation
model gradually improves image quality, while the recon-
struction model progressively enhances 3D consistency.

Gaussian Splatting (Kerbl et al. 2023)), enabling efficient 3D
generation in a feed-forward manner.

However, we have observed that existing methods often
encounter following two issues as shown in Figure 1: (1)
Low quality: Multi-view diffusion models and reconstruc-
tion models are trained on limited synthetic 3D datasets, re-
sulting in low-quality generation and poor generalization to
real-world scenarios. (2) Multi-view inconsistency: Multi-
view diffusion models struggle to generate pixel-level con-
sistent multi-view images, while reconstruction models are
typically trained on 3D consistent ground truth multi-view
images. Consequently, inconsistent multi-view images usu-
ally significantly affect reconstruction results, leading to ge-
ometric artifacts and blurry textures.
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Figure 2: Overview of our Cycle3D. The left side illustrates the Cycle3D workflow, while the right side visualizes the denoising
process. During the multi-step denoising process, the input view remains clean, the pre-trained 2D generation model gradually
produces multi-view images with higher quality, while the reconstruction model continuously corrects their 3D inconsistencies.
The red boxes highlight inconsistencies between the multi-view images, which are then corrected by reconstruction model.

To address these challenges, In this paper, we propose Cy-
cle3D. Our method is designed based on the following two
key insights: (1) The pre-trained 2D diffusion model trained
on billions of web images can generate high-quality images,
which is beneficial to 3D reconstruction; (2) The recon-
struction model can ensure consistency across multi-views
and inject consistency in 2D diffusion generation. Specif-
ically, as shown in Figure 2, we propose a unified image-
to-3D generation framework that cyclically utilizes a pre-
trained 2D diffusion model and a feed-forward 3D recon-
struction model during multi-step diffusion process. First,
we inverse the multi-view images generated by multi-view
diffusion into the initial noise, serving as shape and texture
guidance. Then, in each denoising step, multi-view images
are denoised and reconstructed to 3D-GS to be re-rendered,
forming a loop to continue multi-step denoising. During the
denoising process, the 2D diffusion model gradually pro-
vides higher quality multi-view images, while the recon-
struction module progressively corrects 3D inconsistencies
across multi-views. The reconstruction model can further
enhance the reconstruction quality through interaction with
features in the 2D Diffusion model. Additionally, 2D dif-
fusion can control the generation of unseen views and in-
ject reference-view information during the denoising pro-
cess due to the advanced development, which further en-
hances the diversity and consistency of 3D generation.

We conducted extensive qualitative and quantitative ex-
periments to validate the efficacy of our proposed Cycle3D.
The experimental results demonstrate that Cycle3D outper-
forms other feed-forward methods and even surpasses some
optimization-based methods on image-to-3D tasks. In sum-
mary, Our main contributions can be summarized as follows:

* We propose a unified image-to-3D generation frame-
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work, Cycle3D, which cyclically uses 2D diffusion
model and a 3D reconstruction model during multi-
step diffusion process. During this process, 2D diffusion
model improves the quality of multi-view images, and
the reconstruction model guarantees 3D consistency. The
feature interaction between 2D diffusion and reconstruc-
tion model further improves the reconstruction quality.

* Leveraging the 2D diffusion model, Cycle3D can control
the generation of unseen views and inject reference-view
information, thereby enhancing the diversity and texture
consistency of 3D generation.

* Our experiments demonstrate that our framework sur-
passes existing methods, achieving satisfactory image-
to-3D generation with high-quality and 3D consistency.

Related Works
3D Generation from One Image

3D generation from a single image is a crucial task in com-
puter vision, which is mainly divided into two approaches:
(1) Optimization-Based Methods: These methods optimize
3D representation using 2D or multi-view diffusion models
for Score Distillation Sampling (SDS) (Poole et al. 2022;
Tang et al. 2023b; Qian et al. 2023; Tang et al. 2023a; Zhang
et al. 2023; Yu et al. 2024; Cheng et al. 2023; Huang et al.
2023). They iteratively optimize the 3D representation of ev-
ery object but are computationally intensive, leading to long
optimization time. (2) Feed-Forward Generation Methods:
These methods generate 3D models in a single forward pass,
offering faster generation speed (Tang et al. 2024; Hong
et al. 2023; Xu et al. 2024b; Wang et al. 2024; Li et al. 2023;
Xu et al. 2024a; Jiang et al. 2023). These methods provide
a quicker alternative to optimization-based approaches, bal-



ancing speed and quality. Our work also involves generating
high-quality and consistent 3D models in the feed-forward
manner, which takes only 25 seconds.

Large Reconstruction Model for 3D Generation

These methods (Tang et al. 2024; Hong et al. 2023; Xu
et al. 2024b; Wang et al. 2024; Li et al. 2023; Xu et al.
2024a; Jiang et al. 2023) typically involve multi-view diffu-
sion models (Shi et al. 2023; Wang and Shi 2023) to gener-
ate multi-view images, followed by the feed-forward recon-
struction model to obtain the 3D representation. LGM (Tang
et al. 2024) uses U-Net as the 3D reconstruction model,
while LRM (Hong et al. 2023) and GRM (Xu et al. 2024b)
employs transformers. The generative capability mainly
stems from the multi-view diffusion model, with large re-
construction model primarily focusing on faithful 3D re-
construction. However, multi-view diffusion model cannot
guarantee 3D consistency, leading to reconstruction arti-
facts. Our method uses a unified multi-step diffusion with
a generation and reconstruction cycle, employing the recon-
struction model to continuously correct inconsistency and
2D diffusion to progressively enhance image quality, result-
ing in high-quality, consistent 3D models.

Preliminary: Gaussian Splatting

Gaussian Splatting (Kerbl et al. 2023) introduces an inno-
vative approach for synthesizing new views and fitting 3D
scenes, achieving real-time rendering. Gaussian Splatting
employs a set of anisotropic 3D Gaussians, to represent the
scene. Specifically, each Gaussian is composed of its 3D po-
sition p € R3, 3D scale s € R3, color ¢ € R3, opacity
a € R, and a rotation quaternion ¢ € R*. These Gaussians
can be splatted onto the image plane and rendered in real
time via the differentiable tiled rasterizer.

Method

Given an RGB image, Cycle3D aims to generate high-
quality and consistent 3D objects using generation model
and reconstruction model. The pre-trained 2D diffusion
model exhibits powerful image generation capabilities but
suffers from poor multi-view image consistency. In contrast,
reconstruction model reconstructs 3D objects and can ren-
der multi-view images with accurate 3D consistency. There-
fore, as illustrated in Figure 3, we develop a generation-
reconstruction cycle, cascading 2D diffusion-based gener-
ation model and 3D reconstruction model into an itera-
tive diffusion pipeline, where 2D diffusion enhances qual-
ity and reconstruction model corrects inconsistencies. By
performing generation-reconstruction cycle at each timestep
during denoising process, our method achieves high-quality
and consistent image-to-3D generation.

Prior-injected Generation Model

Recent image-based multi-view diffusion models (Kim et al.
2024; Zuo et al. 2024) are usually trained on limited syn-
thetic 3D data, which hinders their ability to capture fine
texture details and generalize to real-world scenarios. There-
fore, we employ a 2D diffusion model (Rombach et al. 2022)
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(Stable Diffusion 1.5) trained on a large number of web im-
ages to generate high-quality multi-view images. Specifi-
cally, during inference, we first use the multi-view diffusion
model (Kim et al. 2024) to obtain multi-view as the basic
shape guidance, then inverse multi-view images to noise by
performing DDIM (Song, Meng, and Ermon 2020) . The 2D
diffusion model, through class-free guidance denoising, im-
proves the quality of multi-view generation.

The 2D diffusion model effectively aligns with text
prompts, so we can use more diverse text prompts to control
the generation of regions not visible in the input view during
the denoising process of multi-view images. Unlike directly
using results generated by the image-based multi-view dif-
fusion model, our approach allows us to achieve more di-
verse 3D generation by using the customized text prompt.
Furthermore, benefiting from the advanced development of
2D diffusion technology, we incorporate reference-view at-
tention features into the 2D diffusion denoising process in-
spired by (Cao et al. 2023) to inject reference-view prior into
the generation process of multi-view images. By concate-
nating attention keys and values of non-input views and the
reference view, we can obtain more consistent textures in
multi-view images, improving the quality of 3D generation.

In our framework, the 2D diffusion model does not in-
dependently complete the entire denoising process. Within
the generation-reconstruction loop, we directly estimate X
from the noise predicted by the 2D Diffusion model at ev-
ery timestep, which is then used for the following 3D recon-
struction. We represent this process as follows:

1
— Xt — 1_dt69 Xt7y7t .
\/a»t( % ( )
where €y denotes 2D diffusion model, &; schedules the
amount of noise added at timestep ¢, with y representing
the text description. Subsequently, we use the frozen VAE
to transform X from the latent space to the image space.

)

X =

Time-sequential Reconstruction Model

In the Cycle3D framework, we utilize a feed-forward 3D
reconstruction model to predict attributes of 3D Gaussians
from the multi-view X obtained via 2D diffusion model at
the each timestep of the unified diffusion process. Here, we
employ an asymmetric U-Net Transformer G, as proposed
in (Tang et al. 2024), which predicts pixel-aligned Gaussian
parameters from the feature of each pixel in the final layer of
the U-Net. Benefiting from the differentiable real-time ren-
dering of Gaussian Splatting, reconstruction model can be
integrated into our diffusion framework for end-to-end train-
ing, enabling efficient fine-tuning.

In the denoising process of the 2D diffusion model, dif-
ferent timesteps produce varying levels of noise, which in
turn affect the image qaulity of the directly estimated X.
Therefore, to enhance the robustness of the model in recon-
structing X at different timestep, we insert zero-initialized
projection layers into each ResNetBlock within the U-Net.
These layers map the time embeddings from the 2D Diffu-
sion model to fit the reconstruction model. This creative ad-
justment helps the reconstruction model adapt to the X esti-
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Figure 3: Process of our Cycle3D. We propose a unified image-to-3D Diffusion framework that cyclically utilizes pre-trained
2D Diffusion model and 3D reconstruction model. During denoising, 2D Diffusion model can inject reference-view priors,
and the reconstruction model incorporates time embeddings to adapt to X at different timesteps. Additionally, the interaction
between features of reconstruction model’s encoder and 2D Diffusion model’s decoder enhances robustness of reconstruction.
During inference, we use the multi-view images X, rendered by reconstruction model and the previous step x; , resampling to
obtain x;_; to continue generation-reconstruction cycle, while keeping the reference view clean.

mated at different timestep, thereby significantly enhancing
the quality of time-sequential 3D reconstruction.

To further tune the reconstruction model to adapt to our
enhancements, we supervise the training using T images I
and alpha masks M rendered by G, with the corresponding
ground truth I and M. The loss function is as followers:

T

Liotal = Z (ﬁimg(ft, L)+ ||Mt - MtHz) ) )
=1

Limg(It, It) = || It — It||o + X\ * Lrpes(Ie, I),  (3)

where Lipips is a perceptual image patch similarity
loss (Zhang et al. 2018), and the weight A is set to 0.50.

Generation-Reconstruction Cycle

To cascade 2D diffusion model and reconstruction model
into the generation-reconstruction cycle, instead of inputting
the denoised latent x;_ into reconstruction model, we de-
code predicted X using the VAE decoder to obtain clean
multi-view images for reconstruction model. This aligns
with the pretraining inputs of the reconstruction model, re-
ducing the gap and easing the joint fine-tuning. Additionally,
instead of using 2D diffusion model output X to perform the
DDIM sample step g(x:—1|Xt, Xg) for updating x; to x;_1,
we adopt multi-view images X, rasterized by 3D Gaussians
output of the reconstruction model at the timestep ¢ from the
same observing views as Xg:

Vai—1B: "

\/ Qg (1 — @t—l)
- o+t
1*0[)5

1—oy

Xt—1 = Xty 4
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where §; = 1 — a;. Compared to X, X{, has accurate 3D
consistency, making the sampling trajectory more 3D con-
sistent. Consequently, the final denoised result xq is more
consistent and of higher quality than the result denoised only
by the existing multi-view diffusion model, leading to the re-
construction of higher-quality 3D Gaussian structures.
Furthermore, training reconstruction model on a limited
synthetic 3D dataset may affect its performance with real-
world images. Based on the observation that reconstruction
model’s reconstruction process can be understood as a se-
quence from multi-view images to multi-view features, and
finally to multi-view Gaussians, we can enhance the recon-
struction process using features from the 2D diffusion model
pretrained on a large number of web images. Specifically,
we introduce zero-initialized cross-attention layers in the en-
coder block of reconstruction model to interact the decoder
features of the 2D diffusion model with the encoder fea-
tures of the reconstruction model, forming a U-Net struc-
ture. This innovative modification makes the reconstruction
model more robust when reconstructing real-world images.

Experiment
Implementation Details

Datasets. We use the G-objaverse dataset (Qiu et al. 2024) to
train our model. Derived from the original Objaverse (Deitke
et al. 2023), G-objaverse excludes 3D models with poor cap-
tions and includes a large number of high-quality renderings
generated through a hybrid technique involving rasterization
and path tracing. We utilize a further filtered subset contain-



Methods/Metrics PSNRT SSIM?T LPIPS| CLIP-Similarity? Contextual-Dis]
DreamGaussian (Tang et al. 2023a) 19.4900 0.8311  0.1145 0.7136 1.8139
Wonder3D (Long et al. 2024) 18.0926 0.8164 0.1764 0.7596 1.7914
One-2-3-45 (Liu et al. 2024) 14.0064 0.7405 0.3976 0.6363 2.1069
TriplaneGaussian (Zou et al. 2024)  18.4044 0.8284  0.1515 0.7399 1.7803
OpenLRM (Hong et al. 2023) 18.6433  0.8301  0.1255 0.7567 1.7037
LGM (Tang et al. 2024) 18.6909 0.8360 0.1417 0.7990 1.6504
Cycle3D (Ours) 20.2452 0.8729 0.1117 0.8238 1.6031

Table 1: We show quantitative results of image-to-3D in terms of PSNRt / SSIM*, LPIPS| / CLIP-Similarity? / Contextual-
Distance/ for our test dataset. The bold reflects the best result for optimization-based methods and feed-forward methods.

ing approximately 80K 3D objects. Each model is rendered
with 36 views, from which we randomly sample 4 views
with elevation angles in the range [-5°, 5°] as input multi-
views, using the first frame as the condition image. Addi-
tionally, we sample 8 views from the 36 views for extra su-
pervision of the training process.

We combine the Realfusionl5 dataset (Melas-Kyriazi
et al. 2023) with the dataset collected by Make-It-3D (Tang
et al. 2023b), using these images from diverse styles as our
test dataset. Additionally, we further evaluate the 3D gener-
ation quality on 50 objects from the GSO dataset (Downs
et al. 2022) with multi-view ground truth.

Experimental Settings. Our Cycle3D is trained on 8
NVIDIA A100(80G) with batch size 8 for about 1 day. We
utilized the AdamW optimizer with a learning rate of le-
4 and a weight decay of 0.05 for 30 epochs. Additionally,
we followed (Tang et al. 2024) to clip the gradient with a
maximum norm of 1.0 and employed BF16 mixed precision
with Deepspeed Zero2 (Rasley et al. 2020)for efficient tun-
ing. During inference, we use the DDIM scheduler (Song,
Meng, and Ermon 2020), setting the sampling steps to 30,
and take about 25 seconds to generate a 3D object.

Evaluation Metrics. We use PSNR, SSIM, and
LPIPS (Zhang et al. 2018) to measure reconstruction qual-
ity, and CLIP score (Radford et al. 2021) and contextual dis-
tance (Mechrez, Talmi, and Zelnik-Manor 2018) to assess
image similarity. The quality of 3D generation is evaluated
by comparing 180 rendered views with the ground truth.

Baselines. We select baselines for comparison, including
optimization-based existing image-to-3D methods: Dream-
Gaussian (Tang et al. 2023a), Wonder3D (Long et al.
2024), and some existing feed-forward methods: One-2-3-
45 (Liu et al. 2024), TriplaneGaussian (Zou et al. 2024),
LRM (Hong et al. 2023), LGM (Tang et al. 2024).

Comparison

Qualitative Comparisons. We compared our approach with
recent optimization-based and feed-forward based methods.
For more fair comparison, Cycle3D and LGM take the
same generated multi-view inputs. As shown in Figure 4,
we used a wide range of wild images to evaluate the qual-
ity of image-to-3D generation, and our Cycle3D achieved
the best visual results. TriplaneGaussian (Zou et al. 2024)
and OpenLRM (Hong et al. 2023) fail to complete un-
seen regions with high quality. DreamGaussian (Tang et al.
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(M () PSNR{ SSIMt LPIPS| CLIPt Contextuall
X X 192491 0.8497 0.1361 0.7986  1.6399
v X 200198 08702 0.1187 0.8045 1.6348
vV 202452 08729 01117 0.8238  1.6031

Table 2: Quantitative results of ablation study on our test
dataset. (I) denotes the feature interaction between the 2D
diffusion model and the 3D reconstruction model, and (II)
represents the injection of reference-view features during the
2D diffusion denoising process.

2023a) often produces unrealistic geometry, while Won-
der3D (Long et al. 2024) tends to generate blurry textures.
LGM (Tang et al. 2024) often generates blurry textures and
geometric artifacts like floating 3D Gaussian splats, due to
low-quality and inconsistent multi-view images. In contrast,
our method can generate high-quality and consistent 3D ob-
jects due to the proposed generation-reconstruction circle.

Quantitative Comparisons. As presented in Table 1, we
quantitatively evaluate the quality of the generated 3D ob-
jects for our test dataset. Notably, Cycle3D surpasses all
baseline methods on all metrics, even outperforming exist-
ing optimization-based methods.

Ablation and Diverse Generation

In this section, we provide detailed quantitative and qual-
itative analysis, as shown in Figure 5 and Table 2. We also
experimented with leveraging the text descriptions of the 2D
diffusion model to control the generation of unseen regions
from non-input viewpoints, as illustrated in Figure 6. The
ablation study on inserting time embedding into the recon-
struction model is also presented in the Appendix.
Effectiveness of Feature Interaction. The reconstruction
model, trained only on a limited synthetic 3D dataset, often
lacks the capability to accurately reconstruct complex and
detailed textures in real-world scenarios, resulting in blurry
textures, as depicted by the red boxes on the right side of
Figure 5. The 2D diffusion model, trained on a large num-
ber of real web images, exhibits robust performance on real-
world textures. The feature interaction between the encoder
of the 2D diffusion model and the decoder of the recon-
struction model significantly enhances the reconstruction of
complex texture details, as evidenced by comparing the red-
boxed areas in the last two columns of Figure 5. Addition-
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Figure 6: Diverse 3D generation by customized texts.

ally, Table 2 also demonstrates that feature interaction sig-
nificantly enhances the quality of 3D reconstruction.

Effectiveness of Reference-view Injection. When multi-
view diffusion generates multi-view images with unrealistic
textures or textures that do not match the reference view, the
2D diffusion model, using the initial noise obtained from the
multi-view images through DDIM inversion, can still pro-
duce abnormal textures inconsistent with the reference view.
As shown in the third column on the left side of Figure 5,
although multi-view interaction through the reconstruction
model alleviates texture inconsistency to some extent, the
car’s body, the coat, and the girl’s hair and ear still exhibit
abnormal textures due to the inconsistent multi-view prior
generated by the multi-view diffusion, leading to discrepan-
cies with the reference view. By injecting information from
the reference view into the 2D diffusion denoising process,
we can generate multi-view textures that are more consis-
tent with the reference view, as shown in the fourth column
in Figure 5. Table 2 also proves reference-view injection
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can enhance the consistency of textures, as evidenced by in-
creased CLIP similarity and reduced contextual distance.

Diverse Generation. Benefiting from the 2D diffusion
model’s excellent text alignment capability, we can apply di-
verse and customized text to control one or more non-input
views, generating more varied textures in areas not visible
from the reference view. As shown in Figure 6, the texture
in the second column are primarily based on the multi-view
prior generated by the multi-view diffusion and the injection
of reference view information during the denoising process.
By incorporating fine-grained textual information as condi-
tions, we can achieve diversified and customized 3D gener-
ation, as illustrated in the last column.

Limitations

Due to the lack of large-scale 3D scene datasets, our cur-
rent method is limited to object-level 3D generation and can-
not be extended to scene-level generation. when large-scale
scene datasets become available in the community, future
work can explore more complex 3D scene generation.

Conclusion

In this paper, we introduce Cycle3D, an image-to-3D gener-
ation framework that cyclically utilizes 2D diffusion-based
generation model and the 3D reconstruction model during
the multi-step diffusion process. As the denoising proceeds,
the 2D diffusion model progressively generates multi-view
images with higher quality, while the reconstruction model
gradually corrects 3D inconsistencies. 2D diffusion model
can also control the generation of unseen views and inject
reference-view information during denoising. Reconstruc-
tion model further interacts with 2D diffusion, enhancing
the reconstruction capability. Extensive experiments demon-
strate that our method surpasses existing state-of-the-art
baselines in generation quality and consistency.
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